Objective: Widespread application of clinical natural language processing (NLP) systems requires taking existing NLP systems and adapting them to diverse and heterogeneous settings. We describe the challenges faced and lessons learned in adapting an existing NLP system for measuring colonoscopy quality. Materials and Methods: Colonoscopy and pathology reports from 4 settings during 2013-2015, varying by geographic location, practice type, compensation structure, and electronic health record. Results: Though successful, adaptation required considerably more time and effort than anticipated. Typical NLP challenges in assembling corpora, diverse report structures, and idiosyncratic linguistic content were greatly magnified. Discussion: Strategies for addressing adaptation challenges include assessing site-specific diversity, setting realistic timelines, leveraging local electronic health record expertise, and undertaking extensive iterative development. More research is needed on how to make it easier to adapt NLP systems to new clinical settings. Conclusions: A key challenge in widespread application of NLP is adapting existing systems to new clinical settings.
INTRODUCTION
Progress in clinical natural language processing (NLP) suggests a future in which scalable software applications are routinely used to extract key information from unstructured narratives for quality improvement and clinical research. 1 Numerous studies have described NLP applications in single-site settings, an essential first step. [2] [3] [4] [5] [6] [7] [8] [9] However, if NLP is to be used widely, it must be adapted to diverse health care settings, electronic health record (EHR) systems, geographical regions, and reporting styles. 10 To our knowledge, the process and challenges of adapting existing NLP systems to multisite settings have not been described. The objective of NLP system adaptation is to create a system that yields consistent results in multiple, diverse settings. We describe adapting an NLP system measuring colonoscopy quality developed in 1 academic medical center 11, 12 to 4 diverse health care systems, emphasizing aspects we believe are generally applicable to a range of NLP applications. Using a single system to process corpora from multiple sites optimizes uniformity and minimizes maintenance costs. Colonoscopy is a high-volume procedure 13 used frequently for colorectal cancer screening. There is considerable variation in colonoscopy quality, as measured by rate of removal of precancerous lesions (adenomas), [14] [15] [16] and lower quality is linked to increased cancer incidence. 17, 18 Monitoring colonoscopy quality is beneficial, 19 and several teams have successfully developed NLP systems for doing so, 11, 12, [20] [21] [22] [23] [24] but no single system has been applied in multiple settings. Imler et al. 20 applied NLP in multiple clinical centers, but all were within the Veterans Health Administration and used a common EHR.
METHODS

Settings
We selected 4 clinical settings that varied by geographical location, practice type, compensation structure, EHR system, colonoscopy volume, and practice size ( 
Corpora and reference standard
Because colonoscopy quality is assessed using information from both procedure and pathology reports (assessment of any tissue removed), identifying and linking all reports is essential to avoid bias in quality metrics. We used site-specific processes to identify all procedure and associated pathology reports for colonoscopies performed in outpatient settings for patients age 40 and older. We excluded reports only available as scanned images, because conversion errors introduced by optical character recognition cause NLP errors. We excluded inpatient procedures, because they primarily address emergent issues where screening is a secondary concern. Each site deidentified its study corpus locally using automated software. 25, 26 Corpora and associated metadata (age, gender, date of procedure, physician) were sent to 1 site for processing.
To create a reference standard for NLP system retraining and validation, we sampled 3178 colonoscopy and 1799 pathology reports collectively from the 4 sites (Supplementary Appendix A). Trained abstractors following written guidelines manually annotated the location and meaning of all relevant textual content ("targets") for 13 quality-related metrics, including indication for procedure, adequacy of colon preparation, whether specific anatomical locations were visualized, whether polyps were found, and several histological features of biopsied tissue (Supplementary Appendix A). The resulting reference set was randomly divided into During the 2-year study period, October 2013 through September 2015.
c Unique UMLS (Unified Medical Language System) terms refers to counts of unique concept unique identifier codes from the UMLS mapped to the respective study period corpora.
training and validation sets, the former used during system retraining and the latter for a final validation of NLP system performance.
NLP system adaptation and evaluation
Adaptation challenges depend, primarily, on the ability to assemble complete corpora, the structure and linguistic content of reports being processed, and the characteristics of the original NLP system's software (architecture, software language, integrated linguistic resources and tools, revision history). The NLP system we adapted was originally developed at UPMC using 2007-2009 data. 11 It was developed using General Architecture for Text Engineering, 27 MetaMap Transfer, 28 and the UMLS Metathesaurus [29] [30] [31] [32] to identify relevant words and phrases, and the ConText algorithm 33 for negation (eg, to distinguish "the cecum was reached" from "the cecum was not reached"). It performed satisfactorily at UPMC. 11 We planned several iterations of NLP system testing, error analysis, modification, and evaluation using the training set following well-established processes. [34] [35] [36] Because adenoma detection rate (defined as the number of colonoscopies in which adenomatous polyps are discovered divided by the total number of colonoscopies performed) is a key measure of quality, we planned to focus attention initially on targets needed to calculate it, with attention subsequently devoted to the remainder of the 13 quality-related metrics the system extracted.
To evaluate the NLP system's performance, we compared the system's result to the reference standard for all instances of a given measurement to calculate true positive (TP), true negative (TN), false positive (FP), and false negative (FN) results, then used these to calculate accuracy (
For metrics with multiple categories, we used average recall, average precision, and average F measure. 11 This study was approved by the human subjects review committee of each participating institution.
RESULTS
We found several technical challenges in adapting the NLP system related to assembling corpora, accommodating heterogeneous report structures, and interpreting diverse linguistic content.
Corpus assembly challenges
Many challenges in clinical NLP have little to do with NLP; assembling complete comparable corpora is 1 example. Processes required were unique to each setting. Gastroenterology specialty EHRs greatly simplified this task, while comprehensive EHRs necessitated extensive local technical expertise, familiarity with document storage and/or legacy systems, and analyses to verify completeness. Report storage and labeling practices varied. Software updates to comprehensive and legacy EHRs impacted the location, format, and metadata associated with clinical documents. During 1 site's midstudy transition to a new EHR vendor, the storage location for historical reports changed and some were (initially) mislabeled, complicating corpus assembly. We spent several months assembling and verifying complete corpora.
Accurately linking pathology and colonoscopy reports was challenging with comprehensive EHRs that lack metadata establishing exact linkages. While relevant pathology reports were easily identified manually in individual charts, linking reports over large cohorts and time spans required developing and validating probabilistic rules based on patient identifiers, dates, and textual content of reports (Supplementary Appendix B) . A small number of residual clashes required manual resolution.
Heterogeneous report structure
Report structure provides important clues to interpreting content. 37, 38 For example, "bleeding" has different meanings in the indications, findings, and recommendations sections of a colonoscopy report. Understanding and accommodating diverse and occasionally conflicting sectioning conventions required considerable effort. Reports from gastroenterology specialty EHRs and templated reports from other EHRs were more consistently structured but varied by site, and all sites' report structures changed over time. At 1 site, section headings in the predominant template were substantially revised mid-study; another site revised its pathology report structure. Some dictated/transcribed reports contained free-flowing narrative with idiosyncratic section headings. Colonoscopy reports from 1 site were extraordinarily lengthy, because they included extensive medical history and active medications content from elsewhere in the EHR; ignoring this improved NLP performance, but occasionally, indication for the procedure was only documented in the inserted medical history. Line breaks were systematically removed from 1 site's pathology reports, complicating detection of sentence boundaries and section headings. Unremarkable in isolation, the number and combination of report structure issues necessitated extensive additional NLP system adaptation and testing.
Diverse language
Though colonoscopy is a relatively narrow domain of clinical practice, language usage varied considerably, both across study sites and over time. As suggested by report length (word count) and language richness (UMLS concepts) measures in Table 1 , language varied considerably by site. Many new language usages were incorporated into the NLP system. Examples of abbreviations unrecognized by the original system included RLQ for right lower quadrant, SC for sigmoid colon, and Lt > Rt for left greater than right. Particularly challenging was inconsistency within and across sites in descriptions of pathology specimen containers (eg, A, B, C; 1, 2, 3; or part 1, part 2, part 3), and parsing information presented in tabular form at some sites, a recognized difficult task in NLP. 39 Though not novel, the magnitude of language diversity required extensive augmentation and revision to the original NLP system's dictionaries and rules.
Adapted NLP system results
Eight of the 13 colonoscopy quality measures were extracted with high performance, achieving F measures 0.90 at each site (12 of 13 were 0.85 at each site), and F measures were 0.95 for detection of any adenoma (Table 2) . Overall, performance on pathologybased metrics was higher than on colonoscopy-based metrics.
DISCUSSION
This project demonstrates that the vision of applying scalable, highthroughput NLP systems in multiple, diverse settings as a substitute for laborious manual review 40 is attainable. However, the magnitude of the challenges we faced in adapting an existing NLP system was much greater than we anticipated based on experience with several single-site development efforts. The seemingly simple task of assembling complete comparable corpora required ingenuity, locality-specific expertise, and diligence. Site-specific idiosyncrasies Table 2 . Performance of the NLP system for 13 colonoscopy quality metrics as measured by accuracy, recall, precision, and F measure by study site in document structure and linguistic complexity were compounded by the constant changes in EHR systems. Figure 1 depicts NLP adaptation challenges and potential mitigation strategies organized by type of challenge (corpus assembly, document structure, and linguistic complexity) and the influence of local environmental factors (EHR systems, local policies and practices, and practitioner customs). Challenges (vertical bars) vary by magnitude. Mitigation strategies (horizontal arrows) vary by degree of implementation effort required. For example, when corpus assembly requires linking documents of different types without benefit of reliable metadata ( Figure 1A [1] ), additional effort must be devoted to developing and testing heuristic linking methods tailored to each site.
Implications of this work can be organized into 4 overarching themes. First and most important, adaptation can require substantial time and effort. Thoughtful preliminary assessment of potential challenges and realistic budgeting of time and personnel are warranted. This may prove difficult in academia, where adaptation might be viewed as insufficiently innovative to merit attention. Second, many aspects of multisite adaptation require local expertise, as idiosyncrasies of local systems and policies impact clinical documentation ( Figures 1A [1-4] , B [1] , and Local Environmental Influences). Third, while few document structure and linguistic challenges encountered in multisite projects are likely to be novel or require innovative NLP techniques, the sheer magnitude of idiosyncrasies and issues encountered ( Figures 1B [1-3] , C [1, 3] ) and the interactions between them (Figure 1 , arrows between B and C) necessitate more extensive software modification and more frequent development/testing cycles than is typical for 1 setting. Fourth, complexities encountered in multisite adaptation ( Figure 1C [1-4] ) can be mitigated somewhat by adhering to software engineering best practices, including modular design, and efficient algorithm development strategies, including active learning methods for generating reference standards. 41 Some challenges in adapting our NLP system stemmed from use of a rule-based NLP system that had an extended development history; though such development is common in academia, this may have exacerbated adaptation challenges. This study has limitations that would indicate that we underestimated the full range of technical challenges in NLP adaptation. First, we only included 4 sites. Second, measuring colonoscopy quality may be less challenging than other NLP tasks involving more diverse corpora (eg, progress notes) or greater linguistic complexity.
CONCLUSIONS
Our successfully adapting a clinical NLP system for measuring colonoscopy quality to diverse practice settings demonstrates both the feasibility and technical challenges encountered in such efforts. Our findings challenge the perception that repurposing a validated NLP system developed in one site for broader use is a relatively modest undertaking. Successful adaptation may require substantial additional time, training data, and NLP development cycles. Figure 1 . NLP adaptation challenges (vertical bars) and potential mitigation strategies (horizontal arrows) for 3 major categories of challenges (corpus assembly, document structure, and linguistic complexity), and the influence of local environmental factors (EHR systems, local policies and practices, and practitioner customs).
